In this paper, the heterogeneity of the Paris apartment market is addressed through assessing the differences in the hedonic price of housing attributes over the 2000-2006 period for various price, hence income, segments of the housing market. For that purpose, quantile regression is applied to the 20 Paris "arrondissements" as well as to the 80 neighborhoods, called "quartiers" -or quarters -(each "arrondissement" is composed of four quarters), with market segmentation being based on price deciles (deciles 1 to 9). The database includes some 159,000 sales spread over a seven year period (2000 -2006). Housing descriptors include, among other things, a price index, building age, apartment size, number of rooms and bathrooms, unit floor level, the presence of a lift and of a garage, the type of street and access to building (boulevard, square, alley, etc.) as well as a series of location dummy variables standing for both the "arrondissements" and the quarters.
Introduction
According to the INSEE database on second-hand apartment sales, overall apartment prices in Paris have been steadily growing from the first quarter of 1998 until the first half of 2009, when they dropped by an overall 7%, before resuming their ascent. Between the beginning of 2010 till the end of 2011, Paris apartment prices experienced a stunning growth of roughly 30% and have stabilized since. But some Paris "arrondissements" have been doing better than others and are still expected to experience value rises in the near future. In the presence of market heterogeneity, the ability of traditional appraisal methods to capture the true property market value may be questioned and emerges as a major issue for local authorities that collect property tax as well as for mortgage lenders confined to tight lending provisions in a crisis context. Assessing such differences in a reliable way is a step forward towards improving mortgage lending risk management.
As the first metropolis in Europe, Paris is a very specific city in the sense that space is limited by a peripheral highway and not expandable. For that very reason, it is called "intra muros" Paris. All the main developments take place in the suburbs and the number of apartments changes very little over time. The last census in 2009 reported 1,353,056 apartments compared to 1,322,540 in 1999 (a growth of 2.3% in 10 years) while, over the same period, the population grew from 2,126,000 inhabitants to 2,234,000 (+4.9%).
Apartments in Paris are very diverse regarding their size, the number of rooms, the construction period or the presence of parking places or not. Within a district or a neighborhood, the location along an avenue, a "boulevard" or a street may also have an influence on the pricing process as it expresses the social image given by the residence place.
If the transactions prices have followed a positive trend for 30 years in Paris (cf. Figure 1 in the Appendices section), the main reasons have probably to be found in macroeconomic factors and in the relatively short supply of space for residential purposes. This said, the analysis of a significant number of characteristics of each apartment upon sale can also be a way to better understand the proper dynamics of the different market segments.
These motivations are particularly important when prices are volatile and investors are looking for a portfolio management that integrates the specific risk of each market segment.
In this paper, the heterogeneity of the Paris apartment market is addressed through assessing the differences in the hedonic price of housing attributes over the 2000-2006 period for various price, hence income, segments of the housing market. For that purpose, quantile regression (QR) is applied to the 20 Paris "arrondissements" as well as to the 80 neighborhoods, referred to as "quartiers" -or quarters -, with market segmentation being based on price deciles (deciles 1 to 9). Each "arrondissement" is composed of four quarters that are sequentially grouped so as to form a snail-like pattern 1 (see Figure 2 ). The database includes some 159,000 sales spread over a seven year period (2000 -2006) . Housing descriptors include, among other things, a price index, building age, apartment size, number of rooms and bathrooms, unit floor level, the presence of a lift and of a garage, the type of street and access to building (boulevard, square, alley, etc.) as well as a series of location dummy variables standing for both the "arrondissements" and the quarters.
The paper is organized as follows. Following a brief literature review, the quantile regression method is being presented. In a second step, the dataset is introduced with a descriptive analysis of the variables. OLS results are then reported and compared with those obtained with QR. The most significant attributes are brought out and their impact on unit prices discussed. A general conclusion ends the paper.
Literature review
A major requirement for parameter estimates derived from hedonic price modeling to be reliable is that the market under analysis be homogeneous (Rosen, 1974) . Real estate though is all about submarkets. According to Goodman and Thibodeau (1998) , housing market segmentation stems from spatial differences in structural characteristics, neighborhood amenities, or some combination of both. As shown by Bourassa et al. (2003) , submarkets do matter in the setting of residential prices, with location factors playing a paramount role.
Over the past forty years, several authors have addressed, in quite various ways, market heterogeneity while numerous improvements have been brought to the hedonic analytical framework in order to better handle the issue. Thus, in order to overcome the identification problem raised by Rosen, Bajic (1985) applies a two-stage regression procedure to the Toronto residential market so as to estimate the demand functions of housing attributes. In their study on the metropolitan Dallas single-family housing market, Goodman and Thibodeau (1998) turn to hierarchical linear modeling (HLM) for delimiting submarkets on the basis of prevailing interactions between dwelling (house size) and neighborhood (school quality) attributes. They find evidence that variations in the house size coefficient is partly determined by the quality of public schools. In a subsequent paper, Goodman and Thibodeau (2003) show that spatial disaggregation obtained with the HLM approach also results in a better hedonic prediction accuracy.
Principal component analysis (PCA) may as well be used to identify submarkets and sort out influences that would otherwise be intermingled (Des Rosiers et al., 2000) . Resorting to interactive variables using Casetti's expansion method (Casetti, 1972 ) is yet another, and most convenient, way to bring out marginal price impacts that would go unnoticed where only mean estimates are derived (Thériault et al., 2003 and 2005) . In a similar methodological line, Xu (2008) applies expansion models to examine the spatial and socio-economic heterogeneities in housing attribute prices in Shenzhen, China. Findings support the evidence that the implicit prices of major housing features are not constant but vary with household profile and location within the city. Finally, in the late 1990s, the development of the geographically weighted regression (GWR) approach (Brunsdon et al., 1998) has allowed to generate spatially varying coefficients designed at capturing local submarket specificities.
Considering the size and diversity of the Paris apartment market, heterogeneity in housing attribute hedonic prices is unavoidable and can reasonably be assumed to vary among characteristics, over space as well as depending on apartment price range. In that context, quantile regression ( Koenker and Bassett, 1982; Koenker and Hallock, 2001) , reveals itself as a most adequate device for capturing heterogeneous utility functions and for bringing out differences in homebuyer preference maps. A semi-parametric approach, QR is similar to generalized least squares (GLS) or spatial weights matrices (SWM). Since quantile regressions are estimated simultaneously, degrees of freedom are not calculated by quantile but as a system. By keeping in all the information available from the dataset, quantile regression thus provides the analyst with better in-depth insights into the effects of the covariates than would a series of independent standard linear regressions (Benoit and Van den Poel, 2009 ). et al. (2008) are among the first authors to resort to quantile regression (QR) for addressing the market heterogeneity issue in housing research. Using 1999-2000 home sales from the Orem/Provo area, Utah, they apply the method while accounting for spatial autocorrelation and show that quantile effects largely outweigh spatial autocorrelation effects.
Ziets
Authors also find that the coefficients of some, although not all, variables vary considerably across quantiles. This is the case, for instance, for the price elasticity of square footage which emerges as being more than three times as high for upper-decile properties (0.419) as it is for those at the lower end of the spectrum (0.133). Farmer and Lipscomb (2010) investigate the role submarket competition plays in setting the price of housing attributes, particularly in a context of fixed supply and evolving homebuyer profile (as is the case for neighborhoods under gentrification). Using household information from both direct stated preference surveys and Multiple Listing Service (MLS) data, authors use QR to track variations in implicit prices for specific attribute bundles in those price ranges where two submarkets overlap. Findings support the hypothesis that, where cross-submarket competition is expected, newcomers with particular needs and preferences are willing to pay higher than average implicit prices for specific bundles of housing attributes. They also confirm the relevance of QR for adequately handling the selective heterogeneity of hedonic coefficients.
Using a dataset of nearly 6,000 cross-sectional, intertemporal (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) sales from City
One, a major residential project in Sha Tin, Hong Kong, Mak et al. (2010) applies QR in order to identify the implicit prices of housing characteristics for different price ranges.
Empirical findings suggest that homebuyers' tastes and preferences for specific housing attributes vary greatly across different price quantiles. Among other things, optimal square footage emerges as being larger for upper quantiles than it is for lower quantiles. Higherpriced properties also command a larger market premium for a view than lower-priced properties do.
Finally, Liao and Wang (2010) apply Two Stage Quantile Regression (2SQR), as suggested by Kim and Muller (2004) , to Changsha, an emerging Chinese city. More than 46,000 sales were recorded in 113 residential developments over a one-year period, that is from September 2008 to September 2009. Authors conclude, here again, that the pricing of housing attributes may vary across their conditional distribution. Findings first suggest that the price of nearby properties has a greater value impact on higher-and lower-priced homes than it has on medium-priced homes. A clear upward trend of the quantile effects of floor area is also brought out. As for the number of bedrooms, it exerts differential price impacts depending on the decile, with 2SQR estimates suggesting that implicit prices are highest for low-income households (1st decile) because of the greater number of persons per bedroom in that category. The coefficient peaks again around the 8th decile, thereby suggesting that highincome households have a strong demand for a study room, entertainment room, and so forth.
Analytical approach
Quantile regression generalizes the concept of a univariate quantile to a conditional quantile given one or more covariates. For a random variable Y with a probability distribution function
the τ th quantile of Y is defined as the inverse function:
where 0 < τ < 1. In particular, the median is Q(1/2). 
There are two different sets of observations in the quantile regression: the ones which are below the regression hyperplane, and those located above it, with positive Since the early 1950s, it has been recognized that the median regression can be formulated as a linear programming (LP) problem and solved efficiently with some form of the simplex algorithm. In particular, the algorithm of Barrodale and Roberts (1973) has been used extensively. The simplex algorithm is computationally demanding in large statistical applications. In theory, the number of iterations can increase exponentially with the sample size. However, this algorithm is still popularly used when the data set contains less than tens of thousands of observations. Several alternatives have been developed to handle L1 regression for larger data sets. The interior point approach of Karmarkar (1984) solves a sequence of quadratic problems in which the relevant interior of the constraint set is approximated by an ellipsoid. The worst-case performance of the interior point algorithm has been proved to be better than that of the simplex algorithm. More important, experience has shown that the interior point algorithm is advantageous for larger problems. Like L1 regression, general quantile regression fits nicely into the standard primal-dual formulations of linear programming. Besides the interior point method, various heuristic approaches have been provided for computing L1-type solutions. Among these, the finite smoothing algorithm of Madsen and Nielsen (1993) is the most useful. It approximates the L1-type objective function with a smoothing function, so that the Newton-Ralphon algorithm can be used iteratively to obtain the solution after a finite number of loops. The smoothing algorithm extends naturally to the general quantile regression.
This method corresponds to the resampling method for the confidence intervals. The Markov chain marginal bootstrap (MCMB) method is used. The standard errors of the coefficient estimates are estimated using bootstrapping as suggested by Gould (1992 Gould ( , 1997 . They are significantly less sensitive to heteroskedasticity than the standard error estimates based on the method suggested by Rogers (1993) .
As an illustration of what the quantile regression does, we apply it to the following single variable regression model on Ln Price for the quantiles 0.001, 0.01, 0.05, 0.1, 0.25, 0.5, 0.75, 0.9, 0.95, 0.99, 0.999. Findings are displayed in Figure 3 .
The database
The chosen database for our study is provided by the Chambre des Notaires de France and includes, after filtering, some 159,000 apartment sales spread over a seven year period, that is from 2000 to 2006. This database records all property transactions as registered by the Notaries since 1990. Due to computational constraints, we decided to analyze only a part of this database, with the selected sample though still being large enough to allow statistical significance. Descriptive statistics on some of these descriptors are reported in Tables 1 through 5 and can be summarized as follows  As it can be easily noticed, one half of the sold properties were built before the First World War (Table 1 ). This proportion is much higher than the one found for similar properties in the overall real estate stock (estimated at around 30%). It shows the particular interest of the transactions market for Haussmann-style buildings in the city.
Univariate description of the dataset
 More than 80% of sales relate to studios and to 2 or 3 room apartments, with the 2 room apartment, often considered as the standard Parisian apartment, forming the most active market (Table 2) .
 The usual height of buildings is comprised between four and six floors. Thus, roughly 36% of apartments are located in such buildings, as shown in Table 3 which does reflect this peculiarity of the Parisian urbanism.
 Table 4 shows that apartments with a lift are two and a half times more likely to be sold than those without one. This corroborates INSEE's figure stating that 63% of Paris apartment units are equipped with a lift 2 .
We also add to this short analysis the distribution of sales by "arrondissement" (Table 5) together with a map of the latter ( Figure 2 ) joined in appendix. It is noticeable that more than half of the transactions belong to the peripheral districts (from 15 th to 20 th "arrondissements") that spread from west to east on the right bank of the seine 3 and which gather only 40% of Paris apartments. It may be concluded then that there is an excess of demand over supply for these locations.
Bivariate description of the dataset
The impact of a lift on prices is interesting to analyze where its presence is being crossed with the number of rooms. Results are summarized in Table 6 . These figures show that except for 2 Source from INSEE, 2008 census. 3 With the exception of the 15 th "arrondissement" which stands on the left bank of the river. one case (9 room apartments, but not necessarily significant regarding the small number of transactions), the average price of apartments is significantly higher when there is a lift.
However, this expected result may be biased by the fact that apartments with a lift are more frequent in the most expensive districts. Moreover, it also depends on apartment size. Thus, as brought out in Table 7 , for the same number of rooms, apartments are most of the time larger when there is a lift.
Regression results
As is most often the case with hedonic price models, the log-linear functional form is used here, with the natural logarithm of sale price as the dependent variable. As argued by Dubé et al. (2011) , while the optimal functional form may depend on the type and level of market segmentation resorted to, the log-linear form provides many advantages over other, more sophisticated specifications. In particular, it allows parameter estimates to be easily interpreted while insuring that the dependent variable is normally distributed. Consequently, the log-transformed sale price is explained by the apartment living area -equally logtransformed so as to generate elasticity coefficients -and a set of dummy variables accounting for apartment and building features as well as for location attributes.
The most important characteristics are the number of rooms, the construction period of the building, the floor, the number of bathrooms and the street type ('Street', 'Avenue', 'Boulevard'…). The construction period is a discrete variable with seven categories: the building was built after 1991, between 1981 and 1991, between 1970 and 1980, between 1948 and 1969 (after the second World War), between 1914 and 1947, between 1850 and 1913 (the "Haussmannian" period) or before 1850. The floor price impact is linked to the presence or not of a lift. The reference (estimated in the intercept) is an apartment located on the ground floor in a building with a lift. As the information on the floor is not always available, a "floor missing" variable is added on to the model which enables to have an unbiased estimation of the intercept (and hence of the other parameters) 4 . This is done as well for the other variables where the problem may arise.
The presence of a bathroom is not the rule. There are apartments without a full bathroom (they could have a toilet instead or even a shared toilet 5 ). The price effect of "not having a bathroom" varies depending on the number of rooms. While it is possible to have no bathroom at all (no private toilet as well) for small apartments, this is highly improbable for larger ones 6 . For that reason, an interactive dummy variable crossing the lack of bathroom with the number of rooms has been designed ("0 bathroom and 1 room", "0 bathroom and two rooms", etc.). While the interpretation of such variables may not be quite relevant 7 , this specification will lead, once again, to unbiased estimations for the other parameters.
Year dummy variables are introduced to capture the trend, which may be interpreted as an annual residential real estate index for Paris apartments over the 2000-2006 period.
Information on the number of service rooms ("chambres de bonnes") is used as well; so is the presence or not of a basement, an attic, a garden, a mezzanine and the number of parking spaces attached to the sale. Distinction is also made between a standard apartment and a duplex or a triplex.
As the information on the geocodes is not available, the geographical location of apartments is used instead. As mentioned earlier, each of the 20 "arrondissements" of Paris is the amalgamation of four quarters, each of which having its own specific features and price determinants operating at a micro-spatial level. While a second best solution, we believe that resorting to these 80 dummy variables captures a large amount of the spatial autocorrelation potentially present in the residuals as real estate prices are truly linked to them.
For both the ordinary least squares (OLS) and the median quantile estimations, all of the 159,074 observations are first used. In order to test for the model robustness though, the latter is then run after dropping the 1% of the most influential observations according to the Cook's distance procedure 8 , which leaves 157,484 observations for analysis. As can be seen from Table 8 , and apart from a few coefficients (pertaining, mainly, to the number of rooms and service rooms and to a few floor and street type dummies), regression parameter estimates are roughly equivalent whether the full or cleansed sample is used.
5 It is common in Paris' old buildings to have toilets in the stairs (between two floors) or at the top floor (in the Hausmannian buildings where there are a lot of "chambres de bonnes" (service rooms). 6 Les us notice that the distinction bathroom/toilet is not made properly in the database. Hence the analysis of these variables will be hazardous. 7 The category 'no bathroom' is never documented in the dataset. Hence, cases with missing information about the bathroom are treated as "no bathroom" cases. 8 Cook's distance is a commonly used estimate of the influence of a data point when performing least squares regression analysis.
Applying the OLS procedure
The OLS method leads to an estimation of the conditional mean hedonic prices pertaining to apartment characteristics. This method is not relevant when there are outliers in the dataset, when the distribution of data is skewed or when the goal is to construct reference ranges for an outcome. The quantile regression method, more particularly the median one, may be used instead in such situations. 0.0001%, as indicated by two stars**). As for the parameters with lower significance levels (p-values higher than 1%), they are quite identical for both the mean and the median methods ("6 rooms", "9 rooms", "4 service rooms", "3 or more bathrooms", "Mezzanine", "Piece of furniture" and the street types: "Hamlet", "Dead end" and "Passage". As well, the cross-tab variables interacting "0 bathroom" with more than four room units are not quite relevant in any model, which is even more pronounced in the median regression.
As shown by the trend (price index) variable, apartment prices in Paris have experienced a 71% rise over the 2000-2006 period, which corresponds to a 9.4% yearly increase. Such a trend mirrors the sustained demand and relatively limited supply of housing goods in Paris during the pre-crisis era. As displayed in Figure 2 , prices went through a severe correction in 2008, then resumed their ascent and have stabilized since 2011.
Considering that the logged sale price is used as the dependent variable -as opposed to, say, the logged unit price (price/sq. meter) -, the "Surface" parameter is an estimation of the price/surface elasticity. Findings suggest that it is significantly different from one and that, for any one unit (i.e. square meter) increase in living area, apartment prices rise by roughly 4%.
As for the coefficients associated with the number of room variables, they are to be interpreted conditionally to the surface (as it is an exogenous variable). They represent, for a given living area, the percentage market premium assigned to more than one room apartments, with single room units being used as the reference ("base" value reflected in the intercept). Thus, under the median estimation model, two and three room apartments command 0.7% and 0.9% premiums, respectively, as compared with the reference whereas four and five room units sell for 1.6% more.
The presence of "service rooms" increases the price significantly, with the market premium attached to a three service room unit standing at 11%, as opposed to only 5% and 7% for one and two service rooms, respectively. Considering that service rooms are most often independent from the main apartment, they are frequently leased at a very high level of rent to students or young people due to the lack of housing, which may explain the high demand for more service rooms. Findings also suggest that a duplex or a triplex is more than 10% more expensive than a standard apartment, which probably reflects the enhanced privacy such a housing type involves.
The Hausmannian period is set as the reference construction period. This variable has a non-linear relationship with price. For buildings built between 1914 and 1947, prices are lower by some 1.8% (median estimation model) when compared with the Hausmannian ones and by more than 2.5% for those built from 1948 to 1969, that is during the reconstruction period following World War II (WWII). As for the most recent buildings -those built after 1991 according to modern standards -, they command a 13% premium over Hausmannian ones. Finally, pre-1850 buildings are also assigned a "historic good" premium of roughly 1% over Haussmannian ones. Two, as opposed to one (the reference), bathroom apartments command a 2% price premium under the mean estimation model, which is down to 1.4% under the median method. Units without a bathroom sell at a 5% to 10% discount, depending on the number of rooms.
With respect to the floor variable, a ground floor apartment located in a building with a lift serves as the reference. As expected, the higher the floor, the higher the price. Thus, the market premium stands at around 5% for the first floor, 8% for the second floor and raises to between 11% and 12% for upper floors (6 th to 9th) which offer a panoramic view on Paris 10 and on its famous roofs named "mansardes". The absence of a lift leads to a price discount of 2% or 3% compared to the same apartment with a lift 11 .
To park in Paris is quite a problem as underlined by the valorization of the presence of car parks included in the price. A premium of over 6% is induced by the existence of one parking place 12 , which rises to more than 12% for two. While the presence of a balcony slightly increases the price (by 1% or 2%), but the impact of a mezzanine (+12%) or a garden (+15%) is much more substantial.
Compared to a 'street' (the street type reference), a 'Boulevard' (-4%) or an 'Alley' (-14%) location has a negative impact on prices. In the former case, the price discount stems from the noise thereby generated while, in latter case, it can be attributed to the narrowness of alleys which makes car access to home entry difficult -if not impossible -while also greatly reducing indoor luminosity 13 . On the contrary, a 'Place' (+5%) or a 'Quay' (+9%), two highly fashionable locations, increases significantly the value of an apartment.
Finally, the 'district' parameters are ordered from the poorest quarters to the more upper-class ones. Regression findings are displayed in Figure 3 . As can be seen, apartments located in the 17 th , 18 th and 19 th "arrondissements" (quarters 71 to 78) are found at the lower end of the spectrum while those belonging to the 5 th through 8 th "arrondissements" (quarters 20 to 29) are grouped in its upper end.
Applying Quantile regression
Quantile regression findings are reported in Table 9 . It should be noted here that, while all series of explanatory variables have been included in the model for parameter estimation, district coefficients have been deliberately excluded from Table 9 for conciseness purposes.
Furthermore, while all estimations -and graphs -have been made based on centiles, results are reported on a decile basis. Finally, QR is applied to the full sample (159,074 cases).
As can be seen, pseudo R-Squared statistics are much lower than those obtained with the OLS model, with the median decile R 2 standing at 0.736. Model explanatory power also rises with the price category, from 0.662 (1 st decile) to 0.762 (9 th decile). As for decile regression coefficients, most of them emerge as being statistically significant at the 0.01 or 0.001 level, although parameter estimates pertaining to the number-of-rooms variable as well as to its interactive version (bathroom missing) often are not. Miscellaneous features and location attributes also yield nonsignificant implicit prices for some -if not across (Hamlet; Passage)deciles.
Starting with the price index, it is worth noting that while Paris apartments have experienced an overall appreciation of 71% between 2000 and 2006, price increases are not uniform among deciles but are clearly inversely related to value. Thus, while total price appreciation stands at 76% (i.e. a 9.8% annual growth rate) for lower-priced properties, it progressively lessens thereafter and is down to 67% for luxury apartments. Such a trend is consistent with theoretical expectations and reflects the fact that, in a context of relative housing scarcity, the lower the apartment price, the more affordable it is to homebuyers and the more sustained the demand for such units. Consequently, the latter are assigned a higher potential for price appreciation over time.
Turning to size-related variables, parameter estimates pertaining to the surface variable tend to confirm the existence of clearly distinct submarkets in the Paris apartment market as well as the relevance of resorting to quantile regression for estimating the hedonic prices of housing attributes. Quite interestingly, and in line with past research (Liao and Wang, 2010) , the higher the price category, the lower the price-elasticity of demand with respect to unit size. Thus, while the elasticity coefficient reaches 1.07 for the lowest decile, it is down to less than 1.03 for upper-end units. Such findings corroborate the fact that size increments command a substantially higher willingness-to-pay for smaller, cheaper units whereas, for more expensive apartments, indoor as well as outdoor quality features tend to outweigh mere quantitative dimensions. Results are reported in appendix in Graph 1.
With regard to the number of rooms (Graph 2), findings suggest that a second room only adds to value (+0.6%) for the cheapest units; for upper deciles, adding a second room impacts negatively on prices with the discount rising with apartment prices. While positive, the coefficients assigned to the three to five room units are, except for a few ones, not significant;
the same is true for the nine room units. Where most significant (six to eight room apartments), regression coefficients exhibit a negative sign across deciles. A possible explanation for this may be that buyers -often couples without children or single-person households -have a clear preference for open-plan layouts.
As for the presence of service rooms, findings suggest that, as with the OLS approach, it commands a price premium which remains quite stable among deciles: while the latter tends to grow with price levels for one and two service rooms where it stands, roughly, between 4% and 7% of value, it rises to between 12% and 14% where three or more service rooms are added -although buyers' willingness-to-pay drops substantially for upper deciles.
With regard to the type of housing unit, the marginal contribution assigned to a duplex tends to rise progressively with price deciles, from around 9% (1 st decile) to more than 15% (9 th decile). It is the reverse for a triplex which commands a 13% premium for units in the lower end of the price range, as opposed to only 6% at the upper end of the spectrum. It may be explained by the kind of brand the duplex represents, especially for luxury apartments. At the opposite, a triplex rather conveys the image of an extended apartment, but without the prestige side.
Findings obtained for construction period variables (Graph 3) are in line with those derived from OLS regressions, with hedonics prices displaying little variations across deciles. Thus, apartments located in new buildings sell at a premium of 13% to 14% above Haussmannian prices while those dated from the interwar and post-WWII periods sell at a discount of 1.8% in the former case and within the 2-3% range in the latter. Here again, pre-1850 units do benefit from a price increment of 1% to 2% compared with the reference. The premium for the most recent apartments may be easily explained by the level of comfort, a greater functionality in line with the modern way of life and higher construction standards. On the contrary, apartments built between the two world wars and after WWII are penalized by a lower quality of construction and, quite often, by a smaller room size.
The marginal contribution of additional bathrooms (Graph 4) tends to increase with the price of the housing unit: it reaches between 1% and 3% for a second bathroom while three or more bathrooms will drive up the price by some 3-4%, but only for upper decile apartments (6 to 9). In contrast, units at the lower end of the price spectrum experience a price drop of some 2%, probably because a third bathroom reduces the already limited space available.
Considering though that the coefficients pertaining to the two first deciles are not statistically significant at the 0.01 level, we have to remain cautious in our interpretation of these results.
As expected, the absence of a full bathroom has a detrimental effect on market values across deciles, but the negative impact is much more pronounced for the cheapest among smaller units (one and two rooms) where it exceeds 17%. This can be explained by the fact that, while well-off apartment buyers may take advantage of such a feature for making major improvements upon purchase, this is not the case for households with a tighter budget for whom the lack of bathroom is a serious limitation to the enjoyment of the premises. Finally, while the presence of a private toilet commands a premium which ranges from a high of 7%
(1 st decile) to a low of 1% (9 th decile), apartments with a shared toilet experience a price drop which decreases with price, from 6% (1 st decile) to 1.6% (9 th decile).
The interpretation of floor variables should be done based on a ground floor unit in a liftequipped building, which serves as the reference. On such grounds, regression findings suggest (i) that almost any apartment unit above the ground floor will sell at a premium (except for the "Entresol"), (ii) that the higher the unit the larger the relative (percentage) premium assigned -although the progression is not linear -, (iii) that the higher the price category the lower the premium and finally (iv) that for a similar location (same floor), an apartment unit will sell at a discount compared with the reference if it is located in a building without a lift. For instance, based on the middle decile (i.e. the median), an apartment located on the sixth floor will command an 11% market premium compared with a ground floor location but will sell at a 1.6% discount if the building has no lift.
The relative price of a parking place (Graph 5) goes up as the apartment value increases. This reflects buyers' motorization rate, with more expensive units going to households that may have two or more cars. Thus, while the premium paid for one parking space ranges from roughly 5% (lower deciles) to over 9% (upper decile), it reaches between 7% and 17% for two parking places. Such findings suggest that the incremental value of a second parking place stands at around 2.5% of apartment value for the cheapest units but reaches 7% of value for upper-class apartments.
Turning to miscellaneous features (Graph 6), findings suggest that, while some attributes may display strong variations across deciles (so is it for attics and pieces of furniture which are substantially more valorized by low-decile purchasers 14 ), hedonic relative prices pertaining to a roofspace, a balcony, a mezzanine or a garden remain quite stable throughout the value spectrum. In particular, the market premium attached to a mezzanine varies between 12% and 15% and, for a garden, between 13% and 15%. Here again, some of these findings should be taken with caution considering their low level of statistical significance.
Finally, neighborhood attribute coefficients shed some light on Paris homebuyers' behavior with regard to location features. When compared to a standard street location, used as the reference, locating on an alley or, to a lesser extent, a boulevard translates into a price reduction that, in the former case, rises with apartment value and can reach as much as 19%
for upper-scale units (9 th decile) considering the drawbacks involved (car accessibility and luminosity issues). For the same reasons, dead ends and passages 15 also command a price discount but of a much smaller amplitude. By and large, locating on an avenue seems to provide buyers with some advantages which grow with decile, probably in line with landscaping features (tree planting, flower arrangements, etc.), but also with the social image the address conveys. A courtyard location adds between 2% and 4% to prices due to the quietness and privacy it conveys. Notwithstanding the fact that the variable parameters all emerge as being nonsignificant, findings suggest that buying on a hamlet, which comes with a view on the city (e.g. Montmartre), has a substantial impact on values (median premium at 16%), particularly for lower price decile units. Place, square and quay locations also translate into significantly higher prices, with the high premium attached to the latter (between 8% and 9% across deciles) stemming from the view on the River Seine it brings about.
Discussion
A first conclusion that can be drawn from this study is that, in line with past and recent research dealing with quite diverse residential market settings, it provides strong evidence that the QR method allows to bring out marked variations in the magnitude, and even direction, of housing attribute influences on price depending on the price range, which the standard OLS regression method does not. While not all price determinant implicit prices are found to vary along the value spectrum, several do: this is notably the case, in this research at least, for the price index, apartment size, number of rooms, service rooms and bathrooms, type of housing unit, floor level, parking place and some location attributes.
Secondly, considering that hedonic prices are a reliable estimate of the marginal utility derived from a given housing attribute, as expressed through homebuyers' willingnessto-pay, they are context-sensitive and should therefore be expected to differ substantially with respect to both their mean value (OLS) and degree of variability (QR). North American, European and Asian cities may differ with regard to which residential attributes are valued, to what extent they are and by whom; hence the discrepancies found in the literature between 15 Coefficients for a « passage » location are, for most of them, not significant. studies regarding QR findings. As a major European metropolis and international hub, Paris hosts households characterized by a great diversity of socio-economic profiles and cultural backgrounds. For that reason, its house price setting process is all the more complex and results from the combination of a multitude of submarkets, some overlapping with others, with each one reflecting a preference map for a given housing attribute bundle.
Whatever the urban context though, specific submarkets may be targeted for commercial marketing, public policy or mortgage lending purposes, in which case a reliable assessment of property values turns out to be of paramount importance. This is where the QR approach, which lends itself to a variety of methodological adaptations, has a clear advantage over the standard OLS method, although it should be viewed as a complement, rather than a substitute, to the latter.
Summary and conclusion
In this paper, the heterogeneity of the Paris apartment market is addressed through assessing the differences in the hedonic price of housing attributes over the 2000-2006 period for various price, hence income, segments of the housing market. For that purpose, quantile regression is applied to the 20 Paris "arrondissements" as well as to the 80 neighborhoods, called "quartiers" -or quarters -(each "arrondissement" is composed of four quarters), with market segmentation being based on price deciles (deciles 1 to 9). The database includes some 159,000 sales spread over a seven year period (2000 -2006) . Housing descriptors include, among other things, a price index, building age, apartment size, number of rooms and bathrooms, unit floor level, the presence of a lift and of a garage, the type of street and access to building (boulevard, square, alley, etc.) as well as a series of location dummy variables standing for both the "arrondissements" and the quarters.
In line with the literature on the subject, findings clearly suggest that hedonic "relative" prices of several housing attributes significantly differ among deciles, although discrepancies tend to vary greatly in magnitude depending on the attribute. Among other findings, the elasticity coefficient of the size variable, which stands at 1.07 for the first price decile (cheapest units),
is down to 1.03 for units belonging to the ninth one (dearest units). The number of rooms, of service rooms, of bathrooms as well as the housing types all exhibit strong implicit price fluctuations among deciles while it is less so for the building period that affect prices in a more uniform way. As for apartment prices, they do not evolve at the same pace along the value range, with lower-priced properties experiencing an annual growth rate of 9.8% over the six year period, as opposed to only 8.9% for luxury apartments.
With respect to location within the building, all units located above the ground floor are assigned a market premium which rises with floor level but lessens as apartment prices increase. Apartments not served by a lift all sell at a discount. As expected, the willingness-topay for a parking place is higher in the upper segments of the market than it is for lowerpriced properties. The discrepancy is even more pronounced for a second parking slot.
Miscellaneous features yield quite stable hedonic prices throughout the value spectrum, with the presence of a mezzanine and of a garden commanding premiums ranging between 12% and 15% of base apartment price.
Finally, the pricing of some location attributes in the form of a market premium (-) or a price discount (+) may vary widely across their conditional distribution, following either an upward (alley-, avenue+) or downward (hamlet+) trend.
To conclude, the use of QR in real estate is at its early stage and further research is needed in order to shed some light in the way housing submarkets form, interact and compete with each other. 
Appendices: Map, Tables and Figures

